Introduction: Natural language processing, a computer science technique that allows interpretation of narrative text, is infrequently used to identify surgical complications. We designed a natural language processing algorithm to identify and grade the severity of deep venous thrombosis and pulmonary embolism (together: venous thromboembolism). Methods: Patients from our 2011-2014 American College of Surgeons National Surgical Quality Improvement Project cohorts with a duplex ultrasound or a computerized tomography angiography of the chest performed within 30 days of surgery were divided into training and validation datasets. A "bag of words" approach classified the reports; other electronic health record data classified the venous thromboembolism's severity. Results: Of the 10,295 American College of Surgeons National Surgical Quality Improvement Project patients, 251 were used in our deep venous thromboses validation cohort (273 total ultrasounds) and 506 in our pulmonary embolisms cohort (552 total computerized tomography angiographies). For deep venous thromboses the sensitivity and specificity were 85.1% and 94.6%, while for pulmonary embolisms they were 90% and 98.7%. Most discordances were due to lack of imaging documentation of a deep venous thrombosis (28/41, 68.3%) or pulmonary embolism (6/6, 100%). Most deep venous thromboses (28 patients, 54.6%) and pulmonary embolisms (25 patients, 75.8%) required administration of therapeutic intravenous or subcutaneous anticoagulation. Conclusion: Natural language processing can reliably detect the presence of postoperative venous thromboembolisms, and its use should be expanded for the detection of other conditions from narrative documentation.
Introduction
Modern surgical care requires the accurate tracking of postoperative complications. Not only must surgeons provide informed consent to patients detailing the risks of a surgical procedure, but they must also continually strive to improve their care, both of which require a detailed knowledge of one's own surgical outcomes.
Since 2001 the Department of Surgery at Memorial Sloan Kettering Cancer Center (MSKCC) has recorded postoperative complications on every surgical patient. Data entry into our surgical secondary events (SSE) database occurs at the point of care and at service-specific morbidity and mortality conferences. The SSE database is known to accurately identify the presence and severity of most postoperative complications. 1 MSKCC also participates in the American College of Surgeons National Surgical Quality Improvement Project (NSQIP), which tracks postoperative complications on a 10% sampling of patients who undergo operations performed at participating hospitals. We have compared events captured in our internal SSE database to those captured by NSQIP and found that, when accounting for definition differences, the 2 databases have strong concordance. 2 Our 2009 audit of the SSE database, 1 as well as other research, 3 has shown that while the SSE database does capture most complications, it is most likely to miss low-grade complications.
https://doi.org/10.1016/j.surg.2018.05.008 0039-6060/© 2018 Elsevier Inc. All rights reserved. Natural language processing (NLP) is a computer science technique that uses computers to extract research data from unstructured narrative text. Since the initial reports of using NLP to identify clinical complications, 4,5 numerous reports have highlighted NLP's potential to aid in interpretation of narrative medical documentation. [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] With the national switch to electronic clinical documentation, physicians and researchers are searching for ways to search narrative medical documentation on a large scale as individual chart review is a laborious process. Additionally, increasing use of cumbersome electronic medical records and the subsequent reliance on physicians and other health care providers to input structured data into the EMR is a known contributor to the rising tide of physician burnout and dissatisfaction. 20 NLP has been held up as a potential solution to these problems.
As part of a larger institutional quality improvement project on deep venous thrombosis (DVT) and pulmonary embolism (PE; collectively: venous thromboembolism [VTE]), 21 we developed an NLP algorithm to identify the presence of postoperative VTE, and graded their severity using other institutional data. This project served as a test case to investigate whether or not NLP could be used to augment the postoperative complications surveillance efforts at our institution. We hypothesized that NLP would be able to accurately identify the presence of a postoperative VTE and could be combined with a rule-based algorithm for classifying the severity of the VTE and, as a result, augment clinician reporting of complications in our SSE database without requiring an extra layer of manual clinician chart review.
Methods
Data capture for both the SSE database 1,3 and NSQIP [22] [23] [24] have been described elsewhere. Complications in the SSE database are added at the point of care and at service-specific morbidity and mortality conferences by residents, fellows, attending surgeons, and research staff at MSKCC. Complications are graded on our 1-5 modification of the Clavien-Dindo classification 25 ( Table 1 ) , with grades 1 and 2 considered minor complications and grades 3-5 considered major complications. NSQIP selects a subset of institutional operations on an 8-day rolling cycle that are then reviewed by a trained surgical case reviewer to identify a number of postoperative complications occurring within 30 days of operation using standardized definitions. At our institution, we additionally crosscheck between NSQIP and the SSE to ensure that, allowing for definitional differences, both databases are capturing the same complications. NSQIP also tracks the preoperative presence of several comorbid conditions, including DVT and PE. For the purposes of this study, patients with a known preoperative DVT or PE who were on an active anticoagulation regimen were excluded, as were cephalic and portal vein thrombosis due to differing definitions between the SSE database and NSQIP.
After receiving a waiver of informed consent from the MSKCC Institutional Review Board, we identified all patients in our 2011-2014 NSQIP cohorts who underwent either a computerized tomography angiography (CTA) scan of the chest or a lower extremity duplex ultrasound. These studies were chosen because they are the most frequently utilized studies when there is clinical concern for DVT (in the case of ultrasound) or PE (in the case of CTA).
Radiology reports were transferred from the institution's radiology information system (RIS) to a Microsoft Structured Query Language (SQL) database. Since critical results are contained within the "Impression" section of the radiology report, this section was parsed for analysis.
In total, there were 909 ultrasound reports for 755 patients and 1,837 CT angiogram reports for 1,451 patients performed within 30 days of surgery. These were divided into training (70%) and validation sets (30%). The training set was used to train and adjust the classifier while the test set evaluated performance of the classifier ( Fig. 1 ) , and training set reports were reviewed to ensure the accuracy of both the classifier as well as the graded severity of the VTE.
Analyses were performed using the WEKA machine learning toolkit. 26 WEKA is an open source software consisting of a collection of machine learning algorithms with tools for data preprocessing, classification, regression, clustering, association rules, and visualization. To prepare the dataset for input into the classifiers, the strings of text from radiology reports were converted to numeric data, or document vectors. Documents were represented by rows, sentences were split into tokens, and each token was represented as a column. For each document and word column, there is a number indicating the absence or presence of that word in the document (0, 1) or frequency of that word in the document ( Fig.  2 ) . Using the training data, each of the methods discussed previously were altered and performance subsequently assessed on each iteration for each classifier. For example, n grams were set to 1, stop words were included, and performance assessed. In another iteration n grams were set to 2, stop words were included, and performance assessed. Once it was determined which NLP settings performed the best when inputting the preprocessed text into each classifier, the same methods were applied to the test set, effectively using the model based on training data. Discrepancies between the NLP identification and our NSQIP gold standard were then manually reviewed in a blinded fashion by one of 2 surgeons (L.S. and A.R.).
To classify the severity of a DVT or PE, we then queried pharmacy records as well as interventional procedures for all patients with an NLP-verified VTE. Prior to examining individual patient records, we assigned a grade to all possible medications and interventions used in the treatment of VTE based on the preexisting DVT and PE definitions in our SSE database ( Table 1 ) and, within the training set, records were reviewed to ensure grading was appropriate. Prophylactic doses of unfractionated or low molecular weight heparin given prior to VTE diagnosis were excluded for the purposes of grade calculation. Patients with multiple grades (placed on IV unfractionated heparin and later oral warfarin) were assigned the highest grade. All patients in both datasets who underwent operative or radiologic intervention following detection of a VTE were hand reviewed to determine whether or not the intervention was related to their VTE.
Results

NLP identification of DVT/PE
In total, our 2011-2014 NSQIP cohort contained 10,295 patients. Of these, 1,895 had an imaging study for inclusion into either the ( Table 2 ) . Using NSQIP as our gold standard, the sensitivity and specificity of our NLP algorithm for the identification of DVT diagnosed in radiology imaging at our institution is 85.1% and 94.6%, respectively, with a positive predictive value and negative predictive value of 78.4% and 96.5%, respectively. For identification of PEs, the sensitivity is 90.0% and the specificity is 98.7%, with a positive and negative predictive value of 81.8% and 99.3%, respectively.
Discrepancies between NLP algorithm and NSQIP
Discrepancies between our NLP algorithm and our NSQIP records were hand reviewed ( Table 3 and 4 ) . Most false-negative cases detected by the NLP algorithm were due to either diagnosis of a VTE by a non-queried imaging modality (for example, diagnosing an incidental PE of the lower lung on a CT of the abdomen/pelvis), diagnosis of a VTE at an outside institution, identification of a chronic, and stable, venous thrombosis that was present preoperatively, or no documentation of a VTE in the patient record. The NLP process identified 3 cases that were determined not to be DVTs after review ( Table 4 ) .
VTE grading
The majority of VTEs at our institution are grade 2 according to our modification of the Clavien-Dindo classification ( Fig. 3 ) , though this project identified a higher-than-expected rate of grade 3 VTEs. These were most commonly the placement of an IVC filter in a patient who could not receive therapeutic anticoagulation postoperatively due to the extent of their operations. There were no deaths (grade 5 complications) attributable to a postoperative VTE.
Discussion
We designed an NLP algorithm that can accurately identify postoperative VTEs and was combined with an automated rulebased algorithm for determining the severity of the VTE. When combined with other electronic data at our institution, this algorithm can accurately score the severity of the VTE. Not surprisingly, the majority of VTEs detected by the NLP algorithm are grade 2 complications on our modification of the Clavien-Dindo classification ( Fig. 2 ) . We began this project to improve the recording of VTE in our SSE database as well as test, more broadly, whether or not NLP could be used to extract information from our clinical documentation, thus freeing clinical and research staff from manual chart review. 19 Previous work has shown that if a postoperative complication occurs after discharge, or is grade 1 or 2, it is less likely to be entered into our database even though they were identified and appropriately treated at the time. 1,3 , 27 The gap we identified and attempted to narrow using our NLP algorithm was not in the clinical identification of postoperative VTE, but rather in adding these VTE to our internal SSE database.
Like many institutions, the transition to the electronic medical record has forced us to find ways to best leverage the available computing power to ease the clinical and research documentation required of health care providers. By using NLP to screen all radiology reports, we sought to eliminate the need for structured data entry and manual chart review by clinical and research staff for detection of some easily identifiable postoperative complications, a task for which a computer is well suited. We have shown that NLP can be used to accurately classify our clinical documentation and believe that its uses far exceed simply searching radiology documentation for the presence of postoperative VTEs.
The negative predictive value of our NLP algorithm was superior to the positive predictive value. However, due to the setup of our SSE database, which tracks the presence of over 200 postoperative complications, not their absence, we have highlighted the NLP algorithm's ability to rule in the presence of a VTE, not rule out (emphasis added) the absence of one. In fact, our algorithm is well suited for both.
We did not compare the NSQIP or NLP algorithms' VTE detection to the SSE database because the purpose of this project was not to prove superiority of one detection model over another, but rather to develop an NLP tool to augment data entry into the SSE database for all surgical patients at our institution. The hope was that an additional detection tool would allow for maximal utilization of existing resources and allow our staff to focus on data analysis and practice change rather than data entry, thus increas- ing their productivity and, hopefully, slightly decreasing burnout. 20 This report is part of a larger process to leverage NLP to improve our database's capture of multiple postoperative complications and other clinical conditions. Further work is planned to develop algorithms to identify urinary tract infections and wound infections, among others. We are currently finalizing a process to screen radiology reports for all surgical patients in real time, the final step in implementing our algorithm institution-wide.
Our report has several limitations. Because of definitional differences between NSQIP and our SSE database we excluded cephalic and portal vein thrombosis. These thromboses are classified as DVTs by NSQIP but our SSE database records them separately and they were excluded to simplify the development of the algorithm. Our algorithm was also additionally too narrow. We restricted it to duplex ultrasound of the extremity and CTA of the chest to simplify the development work, but as a result "missed" several DVTs identified on various cross-sectional imaging modalities. We have since expanded the algorithm to include all radiology reports, which should, in practice, improve its positive predictive value.
We have demonstrated the successful development of an NLP algorithm that accurately identifies postoperative VTE in radiology reports and is combined with an automated rule-based scoring system to grade the severity of the VTE. Our initial study examined only duplex ultrasound and CTA of the chest, but we have expanded our algorithm to include all imaging studies in an effort to reduce the generation of false-negative events. While laborintensive to generate, this algorithm, which combined NLP-based detection of VTE and an automated determination of the VTE's severity, allows our clinical and research staff to shift their focus away from data entry, and also has the potential to expedite the work of our NSQIP surgical case reviewers. The algorithm was designed for specific language used in radiology reports at our institution, but NLP as a tool for searching unstructured clinical documentation is easily applicable to a different institution's specific reporting conventions. NLP can be used to accurately identify the presence of postoperative complications in narrative clinical documentation and, when combined with other freely available clinical data, can accurately grade the severity of these complications.
